One of the most frequent critiques of the HDI is that is does not take into account inequality within countries in its three dimensions. We suggest a relatively easy and intuitive approach which allows to compute the three components and the overall HDI for quintiles of the income distribution. This allows to compare the level in human development of the poor with the level of the non-poor within countries, but also across countries. An empirical illustration for a sample of 13 low and middle income countries and 2 industrialized countries shows that inequality in human development within countries is indeed high. The results also show that the level of inequality is only weakly correlated with the level of human development itself.
Introduction
The Human Development Index (HDI) is a composite index that measures the average achievement in a country in three basic dimensions of human development: a long and healthy life, as measured by life expectancy at birth; knowledge, as measured by the adult literacy rate and the combined gross enrollment ratio for primary, secondary and tertiary schools; and a decent standard of living, as measured by GDP per capita in purchasing power parity US dollars (UNDP, 2005) . Based on available statistics UNDP was able to provide an HDI for 175 countries in the latest Human Development Report. The HDI is today widely used in academia, the media and in policy circles to measure and compare progress in human development between countries and over time.
Despite its popularity, which is among other things due to its transparency and simplicity, the HDI is criticized for several reasons. 1 First, it neglects several other dimensions of human well-being, such as for example human rights, security and political participation (see e.g. Anand and Sen (1992) , Ranis, Stewart and Samman (2006) ). Second, it implies substitution possibilities between the three dimension indices, e.g. a decline in life expectancy can be off set by a rise in GDP per capita. 2 Related to that critique is the third point, which charges that the HDI uses an arbitrary weighting scheme (see e.g. Kelley (1991) , Srinivasan (1994) and Ravallion (1997) ). For instance, why should education be worth as much as income or health? Finally and fourth, the HDI is often criticized because it only looks at average achievements and, thus, does not take into account the distribution of human development within a country (see e.g. Sagar and Najam (1998) ). The implications of this problem are nicely illustrated by the UNDP itself in last year's Human Development Report (UNDP, 2005) .
UNDP computed for a set of countries an alternative HDI, where the income dimension does not measure the national average income, but the average income of the poorest 20%. The two other dimensions indices where for simplicity left unchanged. However, only that change led for some highly unequal countries to a sharp drop in the HDI rank. For instance, Brazil is ranked at the 63rd position using the global HDI and only at the 115th position, when the income of the poorest quintile is used. In fact the situation of the poorest 20% in Brazil is comparable to that in countries such as Guatemala, Honduras and Mongolia (UNDP, 2005) . Among the other countries with large differences in HDI ranks for the poorest are, as one can expect, many Latin-American countries, for instance Mexico, Chile and Argentina. But even for rather equal and highly developed countries such as Sweden, UNDP found, that the poorest 20% would rank at position 25, compared with position 6 when average incomes are used. That exercise is illustrative, but did not suggest any adjustment for health and education, and therefore underestimated the impact of inequality on the HDI for the poorest income quintile as the people in that quintile are likely to suffer from lower life expectancy and poorer educational opportunities as well.
When constructing distribution-sensitive measures of human development, limited data availability on the distribution of human development achievements seriously constrains analyses. Household income surveys are today widely undertaken and, hence provide data on income distribution, but it is much more difficult to get data on inequality in life-expectancy, educational achievements and literacy. Inequality in these dimensions seems, at least in developing countries, also to be very high. There is also broad empirical evidence that mortality as well as educational attainment vary with income and wealth in both rich and poor countries (see e.g. Cutler, Deaton and Lleras-Muney (2005) and Filmer and Pritchett (1999) ).
In the past several attempts have been made to integrate inequality into the human development index. Anand and Sen (1992) and Hicks (1997) suggested to discount each dimension index by one minus the Gini coefficient for that dimension before the arithmetic mean over all three is taken. Therefore, high inequality in one dimension lowers the index value for that dimension and, hence its contribution to the HDI. Although the idea of such a discount factor is rather intuitive, the Gini-corrected HDI has not been widely used. 3 One reason might be that it is not easy to compute the Gini coefficient for education and life-expectancy due to data limitations and conceptual problems. Another reason might be that it is not clear how to interpret the interaction between the Gini coefficient and the average achievement in a component.
The gender related development index, or GDI, was another attempt in that direction. Its motivation was the 1995 Human Development Report's emphasis on gender inequalities. The GDI adjusts the HDI downward by existing gender inequalities in life-expectancy, education and incomes. The GDI calculates each dimension index separately for men and women and then combines both by taking the harmonic mean, penalizing differences in achievement between men and women. The overall GDI is then calculated by combining the three gender-adjusted dimension indices by taking the arithmetic mean. This concept could of course also be applied using other segmentation variables than gender, such as different ethnic or income groups. However for gender in particular, it is not clear how gender related inequality in income can reasonably be measured. 4 In most cases men and women pool incomes in households. Usually not much information is available how the pooled income is then allocated among household members. That and other critical issues related to the GDI are discussed in detail by Klasen (2006a Klasen ( , 2006b .
Another attempt was undertaken by Foster, López-Calva and Székely (2003) . They chose an axiomatic approach to derive a distribution sensitive HDI. They suggest a three-step procedure. First, each dimension index is calculated on the lowest possible aggregation level, given the data availability. For instance, income at the level of households and life-expectancy at the level of municipalities (taken from census data). Second, for each dimension an overall index is computed by taking the generalized mean µ q . The formula for the generalized mean is
1/q . For q = 1 µ yields the arithmetic mean, but for negative values for q, µ gives more emphasis on lower levels of x. The higher the absolute value of q, the more weight is given to low levels of x. Third, the overall HDI is computed by taking again the generalized mean instead of the simple arithmetic mean. The advantage of this approach is its axiomatic foundation. For instance, the index is decomposable by sub-groups, which is not the case for the Gini-corrected HDI. The problem with this approach is, however, that the generalized mean may not seem very intuitive for many users of the HDI. It obviously also raises the question of how to determine the 'right' inequality aversion parameter q. An additional problem is, that again no generally applicable methodology is suggested, which could help to compute the three dimension indices on the lowest disaggregation level. The approach chosen in this paper differs from the others in that, first, we focus of inequality in human development across the income distribution and, second, we do not try to incorporate the aggregate well-being costs associated with existing inequalities, but rather generate a separate HDI for different segments of the income distribution. More precisely, we take household income and demographic data to compute the three dimension indices for quintiles of the income distribution. This allows on the one hand to track the progress in human development separately for 'the poor' and 'non-poor' and on the other hand to compare the level of human development of the poor to the level of the average population and the level of the non-poor. In contrast to previous attempts, we also present, at least for developing countries, a clear methodology how the three dimension indices for different segments of the income distribution can be calculated with commonly available data sources. Applying our methodology to developed countries entails some data availability and comparability problems which we discuss below. Due to these problems, we are only able to provide rough estimates for two developed countries.
The objective of this paper is first of all illustrative. We will show that our methodology has also some shortcomings, and, hence, all presented re-sults should be interpreted with caution and in the light of our assumptions. The reminder of this paper is organized as follows. Section 2 presents our methodology. Section 3 presents the sample of countries for which we illustrate it. Section 4 discusses the results. Section 5 shows how our approach could be applied to industrialized countries. Section 6 offers a critical assessment of our methodology. Section 7 concludes.
Methodology

General idea and overview
The basic idea of our method is to use disaggregated data to calculate the three dimension indices which constitute the HDI for different segments of the income distribution. This will allow us to get an idea of the heterogeneity and inequality in human development which exists within a country. As data sources, we use household surveys. As segments of the income distribution, we define income quintiles.
Since the early nineties, two types of surveys are undertaken in almost all developing countries. First, there are so-called Living Standard Measurement Surveys (LSMS) or a shorter version of it called Priority Surveys (PS). Even in countries were none of these two surveys are available, there exist normally at least some other type of living standard survey. These surveys provide, apart from information on household and individual characteristics, data on educational achievement, school enrollment and household income or household expenditure. In what follows, we call this type of survey simply 'household income survey' or 'HIS'. Second, there are so called 'Demographic and Health Surveys' or 'DHS' in short. These surveys are undertaken by the Macro International Inc., Calverton, Maryland (usually in cooperation with local authorities and funded by USAID) and provide among other things detailed information on child mortality, health, and fertility. How to proceed for industrialized countries, where usually other types of surveys are undertaken, will be discussed later.
Hence, we will use the HIS to calculate the quintile specific education and GDP indices and the DHS to calculate the quintile specific life expectancy index. The main problems in proceeding so, are that both surveys do not interview the same households (or if so, these households can at least not be matched) and that the DHS does not contain any information on household income or household expenditure, i.e. it is not possible to sort directly the DHS households and individuals by income quintiles.
To solve this problem, we use a simple variant of so-called data matching techniques. The principle of this technique is to estimate the correlation between income and a set of household characteristics which are available in the HIS and the DHS and then to use this correlation pattern to predict income for the households covered by the DHS. This will allow to calculate the life expectancy index also by income quintiles, even if income is not directly available in the DHS. To ensure that the data matching method gives acceptable results, both surveys should of course have been undertaken within a relative narrow time period and should be representative for the same (at best the total) population.
However, given that the quality of such a matching process depends heavily on the data quality and data consistency of both types of surveys, we present a second and alternative approach where we use a so-called 'asset index' as segmentation variable. This measure is often used to get an idea of the living standard of households interviewed in the DHS. In the DHS, households are asked regarding the ownership of various consumer durables, such as telephone, radio, television, fridge and about housing characteristics and educational endowments. This information can then be aggregated into one single metric index and can be used as a proxy for income (see below).
Once the three dimension indices are calculated, we simply calculate the quintile specific HDI, which we name QHDI, by taking the arithmetic average of the three dimension indices. In what follows, each step of our method is explained in detail and illustrated by an example.
Imputing income for DHS households
A regression based approach
To impute incomes for the households covered by the DHS, we use techniques similar to those used in the poverty mapping literature (see e.g. Elbers, Lanjouw and Lanjouw (2003) ). 5 The HIS provides information about household income and/or household expenditure. If income is used, the aggregate should contain earned (e.g. wages and profits) as well as unearned income (e.g. transfers). If expenditures are used, the aggregate should contain the expenditure for all items purchased plus the value of the self-produced consumption. According to usual practice in poverty analysis (see e.g. Deaton and Zaidi (2002) expenditures on durables should be excluded. For house owners, hypothetical rents should be imputed. Regional variations in the cost of living should be eliminated using appropriate price deflators. Once the welfare aggregate is calculated, we divide it by household size to receive a per capita measure. We do not use any particular equivalence scale to ensure consistency with the general HDI, which also uses a per capita measure for the income index. In what follows, our per capita welfare measure is denoted y h , where the index h stands for households h = 1, . . . , K.
Once, y h is calculated, the common set of variables Ω h in the HIS and the DHS has to be identified. The variables of Ω have to be correlated with y h and should at least contain (i) some characteristics of the household head such as age and educational achievement, (ii) characteristics of the household like the number of children, the number of male and female adults in working age and regional variables (such as urban vs. rural, region or province of residence), and (iii) housing conditions like materials of the floor, the roof and the walls, type of electricity and water connection and possibly the number of rooms per person.
Once all these variables are calculated, y h is regressed in logarithmic form on this set of variables using OLS estimators:
where β HIS is a vector of parameters and u h is the residual. Using the vector of estimated parametersβ HIS , hypothetical incomes for the households covered by the DHS can be calculated by:
Given that regressions as in Equation (1) rarely explain more than half or three quarter of the total variance in ln y h , one could generate residuals to account for the unobserved determinants of y h . We think that would be important, when the objective was to calculate any inequality measure. However, given our objective, we think it is sufficient to assume that the included variables contain enough information on the true income quintile and that in contrast hypothetical residuals may well preserve the natural variance in the data, but at the price of a higher probability of missclasifications over income quintiles. 6 One may also argue that drawing residuals would help to prevent ties, i.e. that households with an identical set Ω will have the same imputed income. However, if Ω is large enough and contains also continuous variables that problem will not arise.
Once the hypothetical incomes for the DHS are imputed, it is possible for both surveys to calculate the cumulative distribution functions of income (person weighted) F (ln y HIS h ) and F (ln y
DHS h
). Using these distributions it can be determined for each household in which income quintile (Q = 1, 2, ..., 5) it is situated.
However, what could pose a problem is, first, that household expenditure may in some cases not be a good proxy of permanent income due to measurement error and limited possibilities of households to smooth consumption, and, second that in some cases the comparability of the HIS and DHS is not high enough, and, hence predicted incomes in a DHS give a biased impression of the distribution of income. Therefore, we present, as mentioned above, a second alternative to classify households in the DHS by income quintile which is based on an asset index approach.
Example: Imputing income for DHS households in Indonesia
First, we regress the logarithm of household expenditure per capita (ln y HIS h ) on the set of variables Ω h . The regression results in Table 1 show that household expenditures per capita are in average higher, as one can expect, in households living in urban areas, where the head is a male and is well educated and where are fewer children in the household. Moreover, the possession of durables such as TV and better housing conditions are a good signal for higher household per capita expenditures. The set of variables Ω explains roughly 30 percent of the total variance of log household expenditures.
Second, we use the coefficients of Table 1 to impute for each household in the DHS hypothetical expendituresln y Third, we calculate for the HIS and the DHS, the person weighted cumulative income distribution. Table 2 shows the quintile specific average incomes per capita in USD PPP of 2000 (base year 1996, further details, see below). The data matching approach works quite well. The quintile specific incomes imputed in the DHS are very close to the incomes calculated in the HIS. Only in the fifth quintile we seriously underestimate the average income. This stems from the fact that extreme high incomes in the HIS which influence strongly the average income in the fifth quintile are not reproduced by the observable determinants in our regression approach. This entails however no serious problem, given that we need for the computation of the life expectancy index only the classification of households into quintiles and not the exact quintile specific average incomes. Table 2 Quintile specific average household incomes per capita for Indonesia (2000) (PPP) 
An asset index based approach
In order to construct an asset index for DHS households, first, a set of household assets has to be identified. We used the ownership of a radio, TV, refrigerator, bicycle, motorized vehicle, floor material of housing, type of toilet, type of water source and some other assets depending on the country. Second, these assets have to be aggregated into one single metric index for each household using principal component analysis, or, alternatively, the closely related factor analysis (see Filmer and Pritchett (2001) and Stifel (2000, 2003) ). We used principal component analysis. Once the asset index is built, one can construct, similar to the regression-approach, the cumulative distribution function of the asset index and, hence, households in the DHS can be classified into asset quintiles. Under the assumption that the ownership of assets is a good proxy for income, it can be assumed that the asset quintiles yield a consistent classification to that obtained via observed income in the HIS. Hence, in that case matching between both surveys using these quintiles is possible.
We will use both approaches, the regression based approach and the asset index approach. In principle, the regression based approach is to be favored as income is one of the three components of the HDI and therefore it is consistent to use that approach. Moreover the asset index is sometimes biased, because it reflects not correctly differences in income between rural and urban areas, due to usually huge differences in prices and the supply of such assets as well as differences in preferences for assets between both areas. On the other hand, the income regression approach yields biased results whenever the distribution of explanatory variables in the regression is not consistent in the HIS and DHS, due either to measurement error or due to different definitions of the variables used in both surveys. As will be shown below, we suspect such a problem to exist particularly in some very poor African countries, and hence in this case it might be that the asset index is a better predictor of true income in these circumstances than predicted income using the estimated regression.
Calculating the life expectancy index by income quintiles
To calculate a life expectancy index by income quintile we combine information on child mortality with model life tables. As mentioned above, the HIS provides usually no information on mortality. The DHS provides only information on child mortality, but not on mortality by all age groups, which would be necessary to construct a life table and to calculate life expectancy directly.
In a first step, we calculate under one child mortality rates by income quintile. To do this we use the information on all children born in the five years preceding the survey. For each child i we calculate the survival time S i expressed in months m and the survival status d i . The status variable takes the value one if the child died at the end of S i and the value zero, if the child was still alive at the age of one. Then we use a simple non-parametric life table estimator to estimate the survival probability for each months after birth, p m,m+1 . Through cumulative multiplication we derive for each income quintile the mortality rate q 1 :
We also estimate q 1 over the whole sample, to be able to construct the aggregate life expectancy index.
In a next step, we use the estimated mortality rate q 1 and Ledermann model life tables to calculate quintile specific life expectancy. Ledermann (1969) used historical mortality data for many countries and periods to estimate the relationship between life-expectancy and age-specific mortality rates. He found the following relationship (note that the log function uses the basis 10):
whereq j is the predicted mortality rate for the age group j, e 0 is the life expectancy at birth andâ j,0 andâ j,1 are the estimated regression coefficients by Ledermann. Ledermann considered age groups defined over five-year intervals, except for the first age group, which he divided into children 0 to 1 year old and 1 to 5 years old. In principle, we could also use the Princeton model life tables (Coale and Demeny, 1983) , but the problem with those tables is, that first they use not e 0 but e 10 as entry, i.e. life expectancy at the age of 10. Obviously, it is easier to estimate e 10 given the probably higher measurement error in child mortality, but to construct the QHDI we need e 0 not e 10 . Second, Princeton tables end already at a life expectancy of 75 years. Third, Princeton tables are defined separately for men and women, and, hence we would need to estimate child mortality rates separately for boys and girls. This would reduce the number of death events in each income quintile to extremely low levels and therefore lead to very unstable life expectancy estimates. We checked however, whether our life expectancy estimates were consistent with those one would obtain using the Princeton Life Tables 'West'. That was the case, and, hence, we are confident that our Lederman approach yields acceptable results. However, a drawback of both types of tables-Ledermann and Princeton-is that their estimation included almost no countries of today's developing world and no countries affected by the AIDS epidemic. In particular the latter omission might be problematic, given that AIDS usually affects strongly the agemortality pattern by increasing mortality among children below the age of 5 (through mother-child transmission) and mortality among adults in age of activity.
To calculate quintile specific life expectancy, we take the inverse of Equation (4) and the regression coefficients for the age group 1 year old:
withâ 1,0 = −1.98384 andâ 1,1 = 2.40372 (Ledermann, 1969) .
Aggregate life expectancy can be calculated using q 1 instead of q Q 1 . Then we calculate the quintile specific life expectancy index, L Q , using the usual minimum and maximum values for life expectancy employed to calculate the HDI:
The aggregate life expectancy index L can be calculated usingê 0 instead of e Q 0 .
In a last step, we rescale linearly L Q and L to achieve consistency with the aggregate HDI calculated by UNDP. As rescaling factor we use the ratio between our aggregate life expectancy index L and the aggregate life expectancy index calculated by UNDP for the particular year in question. 7 Consistency is not automatic, given that our approach and UNDP's approach are based on different data sources. Given that the objective of our approach is first of all to examine the distribution of human development, differences in levels should not present any serious problem.
Example: Computing the quintile specific life expectancy index for Indonesia
First, we estimate the mortality rate q 1 (see Table 3 ). Figure 1 shows in addition the survival curves (S) for the five income quintiles. One can clearly see that in Indonesia the survival rate is positively correlated with the income quintile: Whereas in the highest income quintile only 2 percent of all children were dead after 12 months, in the lowest income quintile almost 5 percent were dead after 12 months. 8 7 If the DHS and HIS are from different years, we re-scale to the later year. 8 In the case of Indonesia the survival curves are indeed very similar for the first and second and the third and fourth quintile. This is however not a general result, which would apply to the other countries in our sample as well.
Second, we calculate using equation (5) and (6) the quintile specific life expectancies and life expectancy indices. The results are shown in Table 3 . As one can expect, given the quintile-specific pattern of the survival curves, life expectancy and the life expectancy index increase with the income quintile. Table 3 also shows the life expectancy index by asset quintile, which will be used later alternatively. However, in the case of Indonesia, L QI and L QA differ not much except in the fourth quintile. Table 3 Quintile specific child mortality rates, life expectancies, and life expectancy indices for Indonesia (2003) 
Calculating the education index by income quintiles
To calculate the quintile specific education index, we use the information on literacy and school enrollment provided by the HIS.
Calculating the adult literacy index
The questions providing information about adult literacy may significantly vary from one HIS to the other. Sometimes adults are simply asked whether they are able to read and write. Other surveys are much more specific in asking whether the person is able to read a newspaper and to write a letter. This is even sometimes directly tested. In addition, in some countries one has to distinguish between having knowledge of any local language or of the official language of the country. Finally in some surveys, such information is completely missing. In this latter case, it is possible to use educational achievement as proxy for literacy. However, it is far from evident to determine after how many years of school a person is literate. This varies a lot from country to country or even within a country (for West-Africa, see e.g. Michaelowa (2001) ). We proceeded as follows. If an adult declared to be able to read and/or write in any language (with or without proof), we considered him or her as literate. If that information was not available, we considered somebody as literate if he or she achieved at least a grade which corresponds to five years of schooling. Adults are defined as persons above the age of 15. Quintile specific adult literacy is then calculated by the following equation:
where n Q is the total number of adults in quintile Q and I is an indicator function which takes the value one if literacy status of adult i, a i is over the above defined threshold valueā and zero otherwise. We calculate also the aggregate adult literacy rate a. Then we calculate the quintile specific adult literacy index, A Q , using again the corresponding usual minimum and maximum values employed in the HDI:
The aggregate adult literacy index A can be calculated using a instead of a Q . In a last step, we rescale again linearly A Q and A to achieve consistency with the aggregate HDI calculated by UNDP for the relevant year. As rescaling factor we use the ratio between our aggregate literacy index A and the aggregate literacy index calculated by UNDP.
Calculating the enrollment index
To calculate the quintile specific gross enrolment index, we calculate first the combined gross enrolment rate for each quintile. Each individual attending school or university whether general or vocational is considered as enrolled. We define this rate over all individuals of the age group 5 to 23 years old. Age is for each individual the age at the date of the interview. This yields:
where n Q is the total number of individuals of age 5 to 23 in quintile Q and I is an indicator function which takes the value one if an individual i independent of age, is enrolled, i.e. g i > 0. We calculate also the aggregate gross enrolment rate g. Then we calculate the quintile specific gross enrollment index, G Q using the usual minimum and maximum values used for the calculation of the HDI:
The aggregate gross enrollment index G can be calculated by using g instead of g Q . Finally, we also rescale G Q and G to the level of the HDI enrollment index.
Calculating the education index
The quintile specific education index E Q is calculated using the same weighted average as the HDI:
The aggregate education index E can be calculated by using A and G instead of A Q and G Q .
Example: Computing the quintile specific education index for Indonesia Table 4 shows the quintile specific literacy and enrollment rates as well as the corresponding indices and overall education index or Indonesia. Again, literacy and enrollment are clearly positively correlated with income. Whereas the education index is 0.73 in the poorest quintile, it is 0.90 in the richest quintile. Table 4 Quintile specific literacy and enrollment rates, and education indices for Indonesia (2000) 
Calculating the GDP index by income quintiles
To calculate the GDP index by income quintile, we use our income variable from the HIS. One main difference with the two other dimension indices is that mean income calculated from the HIS can be very different from GDP per capita derived from National Accounts data, which is used for the GDP index in the general HDI. This has two reasons: first, because of conceptual differences and, second, because of measurement error on both levels. GDP measures the value of all goods and services produced for the market within a year in a given country evaluated at market prices. Income in the household survey is either measured, as mentioned above, via household expenditure (including self-consumed production) or via the sum of earned and unearned household income. Therefore, non distributed profits of enterprises, property income and so on will not be included in the household income variable. Moreover, on the household survey side, there may be measurement errors, because it is difficult to get accurate responses from households concerning wages, profits and expenditures. On the National Accounts side, while supply-side information on output and income for some sectors is based on high-quality surveys or census data for agriculture and industry, information about subsistence farmers and informal producers is harder to obtain and usually of lower quality. 9 We proceed as follows. First, to eliminate differences in national price levels we express household income per capita y h calculated from the HIS, in USD PPP using the conversion factors based on price data from the latest International Comparison Program surveys provided by the World Bank (2005):
Second, we rescale y P P P h using the ratio betweenȳ P P P and GDP per capita expressed in PPP (taken from the general HDI):
Once, theses adjustments are done, it is straightforward to calculate the quintile specific GDP index, again using the usual minimum and maximum values of the HDI:
wherery Q,P P P is the quintile specific arithmetic mean of the rescaled household income per capita. It should be noted that in richer countries the GDP per capita measure for the richest quintile,ry 5,P P P , could easily exceed 40,000 USD PPP and, hence, the index could take a value greater than 1, and this could, in extreme cases, push the overall HDI for the richest quintile also above 1, which would cause problems for interpretation. 10 Example: Computing the quintile specific GDP index for Indonesia Table 5 shows that in Indonesia GDP per capita is 59 percent above the survey mean. The adjusted mean income (or GDP per capita) is roughly 980 USD PPP in the first quintile and 8000 USD PPP in the fifth quintile, i.e. more than double. Accordingly, the GDP index increases from 0.43 to 0.83 over the five quintiles. Table 5 Quintile specific mean incomes and GDP indices for Indonesia (2000) P P P 1521.37 GDP P C P P P /ȳ P P P
1.59 
Calculating the overall HDI and the HDI by income quintiles
Once the quintile specific dimension indices have been calculated, determining the QHDI is straightforward. It is the simple average of the three dimension indices:
The aggregate HDI is as usual given by:
To get a sense of the inequality in human development within a country, one may compute the ratio between the HDI for the richest quintile and the poorest quintile:
or the ratio of the quintile specific HDI to the aggregate HDI:
All these indicators can of course also be calculated for each dimension index. Hence, the QHDI cannot only be used to inform about the level of human development of the poor, the rich and the groups in-between, but also about the inequality in human development within a society. Moreover, the quintile specific indices can be compared across countries. This may lead to results where country A has a higher overall HDI than country B, but that in country B human development of the poor is on a substantial higher level than in country A. Table 6 shows for our example Indonesia again the quintile specific dimension indices and the resulting quintile specific HDI, QHDI. The QHDI is 0.59 in the poorest quintile, i.e. 14 percent under the HDI and 0.87 in the richest quintile, i.e. 24 percent above average. That is a huge differential in human development across the income distribution. Put differently, the ratio in human development between the very rich and the very poor is 1.48. Indonesia fares relatively better in life expectancy and education than in income. Inequality in the income index is also higher than in the two other dimension indices. Table 6 Quintile specific HDI 
Example: Computing the quintile specific HDI for Indonesia
Q = 1 Q = 2 Q = 3 Q = 4 Q = 5
Sample of developing countries
We illustrate our approach for a sample of 13 developing countries: 7 countries from Sub-Saharan Africa (Burkina Faso, Côte d'Ivoire, Cameroon, Guinea, Madagascar, Mozambique, South-Africa and Zambia), 3 countries from Latin America (Bolivia, Colombia, and Nicaragua), and 2 countries from Asia (Indonesia and Vietnam). These countries are listed in Table A1 . We tried to restrict the sample to countries where a HIS and DHS were undertaken within a two-year time period. For 2 countries both surveys were undertaken in the same year. For 3 countries there is a gap of one year and for 4 countries a gap of two years. Only in three countries (Guinea, Indonesia, and Madagascar) we were not able to follow this rule and have actually a gap between both surveys of 3 to 4 years. Moreover, we tried to include countries where both surveys are not older than 5 years. This was however not possible for 4 countries (Côte d'Ivoire, Guinea, Madagascar, South-Africa), where the HIS or the DHS (or both) were undertaken at the end of the 1990s. The survey dates should also be taken into account when comparing our unscaled QHDI with the usual HDI. The published HDI in the UNDP's Human Development Report 2005 (UNDP, 2005) refers to the year 2003. But a closer look at the data sources shows that literacy rates and life-expectancy estimates were usually based on censuses or surveys conducted between 2000 and 2004. In several countries the data sources even stem from data collected in the 1990s (e.g. Belarus, Burkina Faso, Kazakhstan, Mali). Hence, time consistency between the different dimension indices and actuality of the data is not a problem specific to our approach, but rather is present for both the usual HDI and the QHDI.
The life expectancy estimates are based throughout on Demographic and Health Surveys (DHS). The HIS data is a bit more heterogenous across countries but in most cases it stems from surveys which are in design similar to the World Bank's LSMS (at least regarding the variables we included). Table 7a presents the QHDI and the overall HDI for our sample of countries. The differences between the HDI of the poorest quintile and the HDI of the richest quintile are in all countries substantial. In each country the QHDI strongly increases with income. Tables 8a, 9 and 10 show that this is also the case for each dimension index, except for the life expectancy index. Education and GDP per capita, the latter one of course by construction, clearly increase in income. The correlation between the life expectancy index and income is in most cases also positive, but if inspected quintile by quintile one finds in some countries the opposite (e.g. Burkina Faso, Guinea, Mozambique), i.e. the index decreases with income. Several explanations might be invoked. First of all, given that we derived life expectancy from survey based estimates of child mortality, the potential measurement error is obviously high, due to in some cases rather small sample sizes and potentially very imprecise household's declarations regarding the death date of their children. These errors might themselves be correlated with income. The life table approach introduces an additional bias given that the used tables do not account for AIDS specific age-mortality patterns. Second, as already mentioned above, the suggested method to match data from the HIS and the DHS by income quintile might pose problems when the data quality is limited. This is in particular the case in some of the African countries. For instance, when the set of common variables Ω is rather small or when the distribution of the variables included in Ω differs in both surveys. This may arise if the variable definitions are not exactly the same in both surveys. 11 Given this difficulties, we also calculated life expectancy by asset quintiles (Table 8b ) instead of income quintiles and recalculated the QHDI. The results are shown in Tables 7b. Interestingly, using the asset index one obtains for each country the expected positive correlation between life expectancy and the asset index. This suggests that for some of the countries in our sample the asset index may be a better proxy for income than predicted income itself. The asset index is also positively correlated with the education index (numbers not presented in table). The indicated inequality in education across asset quintiles is a bit higher than across income quintiles. This is not the case for the GDP per capita index. This is in fact what we expect; the asset index is not perfectly correlated with income and hence the income differential across asset quintiles is lower than across predicted income quintiles. Table 7a Quintile specific HDI by country (L Q computed using predicted income) 
Results
The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. All indices are rescaled to UNDP's reported HDI value of the second survey year. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors.
Table 7b
Quintile specific HDI by country (L Q computed using asset index) 
The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. All indices are rescaled to UNDP's reported HDI value of the second survey year. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors. Figure 2 shows that the quintile specific HDI, here illustrated for the first and fifth quintile, is strongly correlated with the overall HDI. However, below we will show that this is not the case for inequality in human development within countries. Interestingly, the latter one seems rather unrelated to the level of human development. Table 8a Quintile specific life expectancy indices by country (L Q computed using predicted income) Note: The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. All indices are rescaled to UNDP's reported HDI value of the second survey year. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors.
When the ranking of countries for the overall HDI is compared with the ranking of countries for the QHDI 1 , one finds, for instance, that Mozambique fares as good as Zambia when the QHDI 1 ranking is used. Hence, despite a lower overall level of human development in Mozambique, the poor in Mozambique fare as well as the poor in Zambia (see Table 7a ). Or, if Bolivia is compared to Indonesia one can state that both countries have a similar overall HDI of 0.70, but that in Indonesia the poorest quintile has an HDI of 0.60 and in Bolivia of only 0.56 (see Table 7a ). In contrast, in Bolivia and Nicaragua the level and the distribution of human development is almost identical (see Table 7a ). All these results also hold if the asset index instead of predicted income is used to compute quintile specific life expectancy (Table 7b ). Such comparisons are one of the appealing features of the QHDI, i.e. that it allows to compare human development across countries for groups which share the same position in their country's income Table 8b Quintile specific life expectancy indices by country (L Q computed using asset index) 
distribution.
When examining the individual components, it becomes clear that the biggest effect of inequality on the quintile-specific HDI is in the income component. As Table 10 shows, in many countries the richest quintile has an income index (Y) that is often more than twice or even up to five times as high as among the poorest quintile. Here many of the Sub-Saharan African countries have the highest inequality, followed closely by the Latin American and the two East Asian countries. This may seem surprising since it is well-known that Latin American countries have, on average, (slightly) higher income inequality than Sub-Saharan African countries. The reason why this is not reflected here is that the income index uses a logarithmic transformation of incomes under the assumption that the well-being effects of higher incomes among the rich is declining with higher incomes. Thus what is being measured here is not the differential in incomes but, in line with the general treatment of the income component in the HDI, the differential in important aspects of quality of life such as nutrition, housing, clothing, and other aspects that are closely correlated with incomes. In that sense it is particularly worrying that the differential is so stark in Africa and Latin America. Table 9 Quintile specific education indices by country Note: The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. All indices are rescaled to UNDP's reported HDI value of the second survey year. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors.
The differential in educational achievements (E) between the richest and the poorest quintile are also sizable, but smaller than in the income index (see Table 9 ). In some Sub-Saharan African countries such as Burkina Faso and Madagascar the rich have nearly twice the educational achievement of the poor. But in many other countries such as South Africa, Vietnam, Nicaragua and Colombia, the differentials are not very large reflecting substantial efforts to improve education across the entire income spectrum. One should note, however, that education is only using literacy and enrolment rates and says little about educational quality which is likely to differ much more strongly between the rich and the poor.
The differential in life expectancy achievements (L) between the richest and poorest quintile are also substantial, but generally the smallest of the three components (see Tables 8a and 8b ). While some of this may be related to data quality issues and the assumptions that were made in order to derive these estimates, it appears that inequality in life expectancy is indeed smaller in the developing countries we consider than other forms of inequality. Three cautionary notes are important, however. To some extent, such smaller inequality is to be expected given that life expectancy is effectively bounded above, i.e. there are limits to life expectancy that even high income people run up against. Second, the differences in actual life expectancy (rather Table 10 Quintile specific GDP indices by country Note: The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. All indices are rescaled to UNDP's reported HDI value of the second survey year. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors.
than the life expectancy index) are still substantial with gaps between the poorest and richest quintile amounting to more than 10 years in 5 countries. Third, even seemingly smaller differentials in life expectancy may be seen as just as important, or even more important, than larger differentials in the other components. After all, the chance to live and be free from the fear of premature mortality is a fundamental precondition for all other aspects of life. Table 11 presents the inequality measures formulated in Equations (17) and (18): the ratio between the HDI of the richest quintile and the HDI of the poorest quintile, the ratio between the HDI of the poorest quintile and the overall HDI, and the ratio between the HDI of the richest quintile and the overall HDI. The results reveal again very stark differences in human development between the richest and the poorest quintile. For example, in Guinea, Burkina Faso, Zambia, and Madagascar, the HDI for the richest income quintile is about twice as high as in the poorest quintile. In a second group of countries, including Bolivia, Cameroon, Nicaragua, Côte d'Ivoire, Mozambique, and South Africa, the gap between the rich and the poor is also very large, between 50% and 65%. In a third group of countries, comprising Colombia, Vietnam, and Indonesia, the differential in the HDI for the richest and poorest quintile is smaller but still substantial at about Note: The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. All indices are rescaled to UNDP's reported HDI value of the second survey year. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors.
30%-50%. The correlation between the level of the HDI and inequality in human development seems to be negative but only weakly so as Figure 3 illustrates. In relation to the mean, the poor fare relatively well in Côte d'Ivoire, Colombia, Vietnam and Indonesia and relatively badly in Madagascar, Burkina Faso and Zambia. The rich are particularly well off with respect to the mean in Madagascar, Côte d'Ivoire and Guinea and less so in Colombia and Vietnam. Finally in Table 12 we compare rank positions of the different quintiles. For example, the richest quintile in Bolivia is at rank 34, i.e. among the countries with high human development, actually at the same level as Poland, whereas the poorest quintile is at rank 132. The average HDI in Bolivia was ranked 112th in last year's report. In some Sub-Saharan African countries such as Cameroon, Guinea and Madagascar the richest quintile achieves a level similar to those countries with medium human development, i.e. far above the threshold of 0.5. In contrast the poorest quintiles of these countries all rank among the 15 countries with the lowest HDI. Put differently, the differences within countries are as high as the differences between high and medium as well as medium and low human development countries. Note: The years in brackets refer to the respective survey years. The first year refers to the HIS data set, the second to the DHS data set. The ranking analysis is based on the ranking in the 2005 Human Development Report. Source: Household Income Survey (HIS) and Demographic and Health Surveys (DHS) (see Table  A1 ), Human Development Reports; calculations by the authors.
Calculating the HDI by income quintiles for OECD countries
So far we focused in our presentation on low and middle income countries. The application of our approach to OECD countries entails some additional problems. The data availability is very different in developing and industrialized countries. Whereas for a long time access to disaggregated and harmonized income, education and health data was much better in industrialized countries than in developing countries is seems today to be the other way around. For many developing countries there exist today at least roughly comparable income, education and health data thanks to the household income surveys and Demographic and Health Surveys. In many industrialized countries, such standardized surveys are either absent or not easily accessible. Moreover, due to very low infant and child mortality levels in rich countries, we could not easily apply our methods of deducing life expectancy from infant or child mortality rates available in household survey data as the absolute number of infant and child deaths are too low in such surveys to calculate life expectancies (and its differential by income) with any reliability. Thus we will briefly discuss data availability and outline an approach to construct quintile-specific HDIs in rich countries and illustrate it for Finland and the USA. However, these calculations are not fully comparable to the calculations for developing countries and thus should be viewed as tentative. Matters are easiest for the income component. Here we can rely on the Luxemburg Income Study (LIS), which produces harmonized micro data sets on income, demographics, labor market status and expenditures on the level of households and individuals for 30 OECD countries. 12 These data are of very high quality and probable more reliable than the income/expenditure data available in many developing countries. For our examples, Finland and the USA, we took the LIS income data for the year 2000 and simply rescaled it to fit UNDP's GDP index.
Unfortunately, the data sets contained in LIS do not have educational enrolment or adult literacy information and only provide information on educational achievements by levels of education passed. Therefore, for Finland and the USA, we assume no inequality in adult literacy and use the schooling achievement differential by income for 2000 as reported in the Luxembourg Income Study to estimate income differentials in enrolments, after which we rescale again. Alternatively, enrolment rates by income quintile could probably be generated from national household income surveys (or co-ordinated surveys such as the European Household Panel Survey) but this would mean that we rely on two different income measures to calculate the two different components (as we had to do with the HIS and the DHS for developing countries).
A different approach would be to use data from the 'International Adult Literacy Survey (IALS)' for the education component. This is an international comparative study designed to provide information about the skills of the adult populations. It was conducted in three phases (1994, 1996 and 1998) in 20 nations. 13 There exists also a follow up survey called 'Adult Literacy and Lifeskills (ALL) Survey' but which exists so far only in six countries. A problem with using that information would be that it is not directly comparable to the literacy and enrolment measures used for all the other countries.
By far the most difficult issues arise however with the life expectancy component. As already stated, using quintile specific child mortality to derive an estimate of quintile specific life expectancy from household surveys would not be possible as child mortality in most OECD countries is so low that no meaningful differentials by income could be identified. Moreover, child mortality in these countries is much related to premature births, genetic defects, complications during birth and due to accidents all of which not closely related to income. In fact, it is likely that existing income differentials in life expectancy in rich countries are largely due to mortality beyond childhood.
In principle, one could try to rely on census or census-like sample surveys with large numbers of observations. An alternative would be to rely on death registrations. These data sources are generally used in rich countries to calculate mortality rates and associated life expectancy statistics. But these data sources usually do not include incomes and cannot be used to calculate income differentials. Two exceptions are the USA and Finland where specialized analyses on the link between incomes and mortality were undertaken. We therefore use the results from Rogot et al. (1997) and Martikainen et al. (2001) on the life expectancy differential by incomes. These data are based on linked income survey data with vital registration data and are covering the adult mortality experience for 1979-85 for the USA, and 1991-96 for Finland. Through matching the mortality experience by income quintile with the Model Life Tables 'North' (Coale and Demeny, 1983) , we derive life expectancy at birth for the two countries, after which we re-scale as described above. 14 An alternative way would be to use similar data matching techniques that we used above to impute incomes into the DHS to impute incomes into census data and then generate life expectancy information by income quintile. That presupposes access to census data (which are not available or accessible in some countries) and a detailed analysis of the potential of such a method.
Given these caveats, we included only Finland and the USA in the current report and focus otherwise solely on low and middle income countries and leave the calculation of a QHDI for OECD countries for future work. Table 13 shows that among both countries, all three differentials are considerably smaller than in the considered developing countries. Income differentials (especially when expressed using the logarithmic transformation) are considerably smaller suggesting smaller differentials in income-sensitive human development achievements than elsewhere. Education differentials are, as expected, also smaller as schooling up to secondary level and thus basic literacy is near universal and only slight differentials exist at the postsecondary level. Also life expectancy differentials by income (based on cause of death information for the 1980s or early 1990s) are smaller in developing countries but remain sizable. In both the USA and Finland, the top quintiles enjoys about five more years of life than the poorest quintile. Given the wealth of these countries and the ability to provide health case to all, such differentials seem still unacceptably large. in these two countries, the differences between the quintile specific values are smaller than in developing countries, however large differences remain, particularly in the USA. If a rank analysis similar to that in Table 12 is done, the USA (followed by Finland) would top the list of human development achievements, but the poorest quintile in the US would only achieve rank 48, considerably worse off than the richest quintile in South Africa, Colombia, Bolivia, or Indonesia. 
Limits and shortcomings of the suggested approach
Computing an index of well-being for different income groups is a serious challenge. The exercise is first of all constrained by data availability. In addition there is clearly a trade-off between transparency, simplicity and an intuitive interpretation on the one hand and accuracy and computational complexity on the other hand. In our approach we rather tried to elaborate an index which is relatively transparent, simple to calculate and easy to interpret. In consequence, we were forced to make many simplifications.
The most important ones are discussed in what follows. Hence, the paper should first of all be seen as an illustrative exercise, which hopefully enhances the discussion and sensitizes policy makers for inequality in human development within countries. But it should not be seen by economists and demographers as an attempt to reflect accurately and exactly inequality and income differentials in health and education. First, our segmentation variable, household income, has obviously a different temporal dimension than our indicators for life expectancy and education. Household income as measured in household surveys is clearly a period estimate, even if it is approximated by household expenditure, which could be seen as a rough measure of permanent income. Hence, assuming that people stay at this level throughout life, which is implicitly done the way we use it, is probably false and is likely to overstate income inequality. Whether this also leads to an overestimation in the income differentials of life expectancy and education is unclear. However, if such a bias exists, it would at least partly be offset by a bias in the opposite direction: If the difference between permanent income and period income is mainly driven by age and if education and life expectancy are higher among younger cohorts, then the education and life expectancy differentials by income are underestimated.
This leads directly to the second problematic point. In industrialized countries, where education at least up to some grade and basic health provision is provided costlessly to everyone, income differentials in health and education may to a large extent be driven by preferences. However, this is certainly less the case for developing countries, where health and education are often very costly. Hence, the QHDI we suggest, might have a very different interpretation in industrialized and developing countries.
Third, the matching method we use to impute incomes for the DHS is, as mentioned above, based on a couple of strong assumptions. Among other things, we assume that the distribution of unobservable factors is the same in both surveys and uncorrelated with income. Both assumptions are certainly not met and, hence, life expectancy is not exactly calculated for the same quintiles of households than education and average income.
Fourth, as the results show it is hard to get precise estimates of the human development index for very poor countries. This is on the one hand due to the general lower quality of data in poor countries and on the other hand in particular due to the difficulty to derive reliable estimates of life expectancy. Given the high prevalence rates of AIDS in many poor countries our life table approach provides only a very rough measure of mortality. However, the usual aggregate estimates are, at least to some extent, also affected by these problems and hence there is also uncertainty regarding the general HDI in these countries.
Fifth, in contrast to Foster et al. (2003) , we did not follow an axiomatic approach. Hence, our HDI is not additively decomposable into the quintilespecific QHDI. This is the case, because life expectancy is not exactly additively decomposable by population sub-groups (in our case income quintiles).
Conclusion
One of the most often heard critiques of the HDI is that this index does not take into account inequality in its three dimensions within countries. We suggested a relatively easy, transparent and intuitive approach which allows to compute the three dimension indices and the overall HDI for quintiles of the income distribution. This allows to compare the level in human development of the poor with the level of the non-poor within countries. In addition, the approach allows to compare the level of human development for the poor and non-poor across countries. The illustration for a sample of 13 low and middle income countries, as well as 2 rich countries showed that inequality in human development within countries is indeed high. The results also showed that the level of inequality is only weakly linked to the level of human development itself. Therefore, this information is not yet contained in the overall HDI.
The implementation of our approach is obviously more time consuming and data demanding than the calculation of the usual HDI. However the necessary data-a Household Income Survey and a Demographic and Health Survey-exists now in at least most of the low and middle income countries. As discussed above, for industrialized countries getting harmonized data on education and life expectancy differentials is surprisingly a bit more problematic.
Of course our approach is not without its limits. This was discussed in detail in the previous section. However, we think it can make a useful contribution to the measurement of human development and should sensitize policy makers to inequality not only in income but also in education and life expectancy which are without any doubt two important determinants of individual well-being.
